We use spatial hedonic property models to estimate the changes in implicit flood risk premium following a large flood event. Previous studies have used flood hazard maps to proxy flood risk. In addition to knowing whether a property lies in the floodplain, we use a unique dataset with the actual inundation maps. We find that the price discount for properties in the inundated area is substantially larger than in comparable properties in the floodplain areas that did not get inundated. This suggests that, in addition to capturing an information effect, the larger discount in inundated properties reflects potential uninsurable flood damages, and supports a hypothesis that homeowners respond better to what they have visualized ("seeing is believing").
Introduction
A key element in hazard and disaster management is the understanding of how individuals perceive risk. Inadequate distinction between the three fundamental concepts of risk; subjective risk, objective risk and perceived risk, is a major difficulty towards managing flood risks (Slovic, 2000; Simonovic, 2011) . Although probabilistic flood risk analysis deals effectively with objective risk arising from uncertainty, little attention is given to the assessment of subjective and perceived risks. Risk perception is the subjective assessment of the probability of a specific hazard happening and of the consequences of the negative outcome (Sjöberg, 2000) . Individuals in a community may assess the risk of being flooded differently, because there are discrepancies in the probability of the flood hazard (e.g. as homes differ in terms of their location with respect to the floodplain), or in the flow of information about the probability of the flood hazard, for example because individuals are exposed to different scenarios of flooding (e.g. from being actually inundated to merely hearing about a flood event in the media). Intuitively, we would expect the flood risk perception of individuals to be more pronounced in those areas directly hit by a flood.
This paper considers the 1994 "flood of the century" in the city of Albany, Georgia, as a source of flood risk information to homeowners in Albany and determines the changes in implicit flood risk premium following the flood. In particular, we compare the price discount for properties in the actually inundated area to that for properties in the floodplain but outside the inundated area. In the United States, the Federal Emergency Management Agency (FEMA) uses a system of flood zones to convey information about the severity or type of flooding. For example, the 100-year flood zone, or Special Flood Hazard Area (SFHA) represents a 1% chance of flooding per year, while the 500-year flood zone represents a 0.2% chance per year. Previous studies have used FEMA designated flood hazard maps as a proxy for flood risk (Shilling et al., 1985; MacDonald et al., 1987; Speyrer and Ragas, 1991; Harrison et al., 2001; Beatley et al., 2002) , and specific flood events as information shocks on perceived flood risk (Bin and Polasky, 2004; Carbone et al., 2006; Kousky, 2010) .
Kousky finds that property prices in the 100-year floodplain did not change significantly but prices of properties in the 500-year floodplain declined by 2% in St. Louis County, Missouri, following the 1993 flood in the Mississippi and Missouri rivers. Bin and Landry (2012) find that the risk premium for 100-year floodplain properties in Pitt County, North Carolina, increased in the wake of Hurricanes Fran and Floyd but that the effect was transitory. Similarly, Atreya et al.
2013 find a significant but short-lived discount for 100-year floodplain properties after the 1994 "flood of the century" in Dougherty county, Georgia. These results are consistent with the "availability heuristic" (Tversky and Kahneman, 1973) , which is defined as a cognitive heuristic in which a decision maker relies upon knowledge that is readily available (e.g. what is recent or dramatic) rather than searching alternative information sources, when evaluating flood risks.
Previous papers, however, do not control for the actual inundation or the damages caused by flooding as these data are not readily available. In this paper, we limit our analysis to a smaller area in Dougherty county encompassing the city of Albany, for which damage data were available and are able to control for the damages caused by the 1994 flood. Moreover, in addition to FEMA hazard maps classifying floodplain areas, we use a map of the area that was not just at risk but inundated by the 1994 flood in Albany to tease out a "pure information effect" associated with being located in the floodplain from an "inundation effect". To the extent of our knowledge, this is the first paper that uses actual inundation maps to determine the effects of flood events on property prices.
We hypothesize that, following a large flood, the discount in properties in the inundated area will be large for two reasons: first, because homeowners in inundated areas are more likely to have experienced physical damages after the flood, and second, in terms of heightened flood risk perception, because people respond better to what they have experienced directly ("seeing is believing"). While, in principle, under conditions of perfect information and full insurance, flood insurance could cover cleaning and reconstruction costs, an increase in the discount of properties in the inundated area would reflect the incremental insurance costs and the residual risk for noninsurable losses, or the difference between the loss from flooding and the payment from the insurance company. Non-insurable losses include personal items with sentimental value, the risk of injury and death, the hassle of being displaced, damage to community infrastructure, etc.
We use a spatial hedonic property model in a difference-in-differences (DD) framework to determine the impact of the flood event on the estimated flood risk discount and to tease out the "inundation effect" from the "information effect" of a flood. Some studies have shown that flood risk is capitalized into property prices, and the price difference between houses inside and out of floodplain are often consistent with the discounted sum of future flood insurance payments (Harrison, Smersh, and Swhwartz 2001; Bin and Polasky 2004) . Like Bin and Landry (2012) we do not find a significant discount for floodplain properties before the flood, but in the wake of the 1994 flooding event we find a significant, large discount of 20-34% for floodplain properties.
Consistent with previous studies (Atreya et. al 2013; Bin and Landry 2012 ) the flood discount vanishes over time. However, it is not possible to tell whether the estimated discount is the result of a pure information effect or an inundation effect. Many floodplain properties were in fact inundated and we suspect that a big part of the discount arises from the inundation and not from just being located in the floodplain.
To tease out a pure information effect, if any, from an inundation effect we divided our study area into four mutually exclusive groups: inundated and in the floodplain, inundated outside the floodplain, non-inundated and in the floodplain, and non-inundated outside the floodplain. If there is an information effect associated with being located in the floodplain, one might expect to see a discount for non-inundated floodplain properties as well, but our results suggest that this is not the case. We did not find any discount for the floodplain properties when we dropped the inundated properties from the model. The non inundated properties, including those in the floodplain, were not discounted significantly following the flood. Our results suggest that it is an inundation effect rather than a pure information effect that is capitalized into property prices. Despite federal requirement for flood insurance for floodplain properties, the lack of evidence of a pure information effect and of a persistent risk premium suggest limited awareness about flood hazards among buyers of floodplain properties.
Study Area
The city of Albany was founded in the early 1800s along the Flint River in Southwest Georgia. It comprises a total area of 55.8 square miles (55.5 square miles of land and 0.3 square miles of water, US Census Bureau, 2010) . In 1994, a severe flood caused by tropical storm Alberto destroyed parts of downtown and south Albany, causing 15 deaths and displacing almost 22,000
people. Peak discharges greater than the 100-year flood discharge were recorded at all US Geological Survey (USGS) Flint River gauging stations (Stamey, 1996) . At Albany, the Flint Figure 1 shows the study area and the inundated area for a water surface altitude of 192.5 feet at Flint River, which corresponds to the 1994 flood caused by tropical storm Alberto.
Methods
Following the standard hedonic approach (Rosen, 1974; Freeman, 2003) , we model the price of a property, P, as a function of structural characteristics, S (e.g. number of rooms, size of the house), neighborhood and location characteristics, L (e.g. distance to river, distance to parks), and the location with respect to the inundated area (IND) in addition to the location in floodplain (FP). We use a quasi-experimental Difference-In-Differences (DD) approach (Atreya et. al, 2013; Bin and Landry, 2012; Kousky, 2010) to measure the effect of a large flood event on flood prone property prices. The DD design allows us to isolate the effect attributable to the flood from other contemporaneous variables (e.g. macroeconomic shocks, changes in local housing or labor markets), since the control group experiences some or all of the contemporaneous influences that affect property values in the treatment group but offers lower flood risk. We estimated three different models.
Model 1
Following Bin and Landry (2012) and Atreya et al. (2013) the simplest model uses the FEMA designated floodplain maps to measure flood risk in the following specification: To examine the persistence of the risk premium over time after the 1994 flood we used interaction terms between f(years) and the floodplain variable, where "years" is the number of years after the 1994 flood. Previous papers (Bin and Landry, 2012; Atreya et al., 2013) find this temporal decay effect to be important. In addition to using a linear time trend (f(years)=years),
we explored an alternative, non-linear functional form, the natural logarithm, f(years)=ln(years).
With the variable Damage we seek to control for the physical damages to the properties affected by the flood. Unfortunately, we do not have information on flood damages (if any) at the structure level suffered by the properties in the inundated area, but we have information on two alternative indicators. First, we consider the average dollar losses from the 1994 flood at census block level, generated using HAZUS, a software developed by FEMA to estimate flood damages. 2 We controlled for damages in the 114 census blocks in the inundated study area.
These census blocks are small, with just 12 houses on average. Second, assuming that the depth of the flood water acts as a proxy to the degree of structural damages to the properties in the inundated area, we extracted the flood depth in the inundated study area at a gauge height of 43 feet and an altitude of 192.5 feet corresponding to the 1994 flood using a raster map developed by USGS. Because inundation depth reflects both flood severity and the ground elevation of a building (Zhai and Fukuzono, 2003) , we subtracted the land surface elevation from the model 2 The HAZUS generated data was provided by Paul P. Hearn, Chief, Research Station, Eastern Geographic Science Centre, U.S. Geological Survey, and Eastern Region (http://wim.usgs.gov/FIMI/FloodInundationMapper.html).
elevation. We expect structural damages to be greater for properties located at higher flood depths, and thus, expect to find a higher price discount for those properties.
We performed a Box-Cox transformation of the dependent variable and after comparing the residual sum of squares we concluded that the natural log of price as the dependent variable was the best specification for our model. After testing several transformations of the independent variables, the location variables L were best fitted in their log form while the other attributes S were fitted best in their quadratic specification. Year fixed effects (δ t ) were included to capture yearly shocks that may affect all the properties. Subscripts i and t represent property and time
respectively.
An important econometric issue in hedonic models concerns the potential spatial dependence of the observations. Neighboring properties are likely to share common unobserved location features, similar structural characteristics due to contemporaneous construction, neighborhood effects and other causes of spatial dependence. Ignoring the problem could result in inefficient or inconsistent parameter estimates (Anselin and Bera, 1998) . To account for spatial dependence we use a spatially lagged and autoregressive disturbance model, frequently referred to as a SARAR model (Anselin and Florax, 1995) . The model allows for spatial interactions in the dependent variable, the exogenous variables, and the disturbances. Spatial interactions in the dependent variable are modeled through a spatial lag structure that assumes an indirect effect based on proximity (i.e. the weighted average of other housing prices affects the price of each house). The error term incorporates spatial considerations through a spatially weighted error structure which assumes at least one omitted variable that varies spatially leading to measurement error.
In equation (1)
, and the disturbances u it are assumed to be independent and identically distributed. w ij and m ij are the elements of W and M, two n × n spatial weights matrices that are taken to be known and non-stochastic, and λ and ρ are the spatial autocorrelation parameter and spatial autoregressive coefficient, respectively. As in Fingleton (2008) , Fingleton and Le Gallo (2008) , Kissling and Carl (2008) , and Kelejian and
Prucha (2010) we assume W=M. 3 Concerning the spatial weights matrix, W, two frequently used specifications are contiguity matrix and inverse distance matrix. In our estimation, we used a contiguity matrix, where adjacent properties get a weight of one and zero otherwise. 
Model 2
In order to explore the inundation effect and to determine the changes in property prices in the inundated area after the 1994 flood, we used the USGS inundation map of the study area. In the specification below, the control group is composed of properties that are outside the inundated area: 
The variable IND (inundation) is a dummy equal to 1 if the property was inundated by 1994 flood and 0 otherwise.
Model 3
We also divided the properties within the study area into four mutually exclusive groups: 
Finally, regarding the estimation procedure for Models 1-3, the existence of spatial autocorrelation increases the possibility that the errors will not be distributed normally. 5 A maximum likelihood estimation procedure requires strong distributional assumptions (Kelejian and Prucha, 1998) . We employ an alternative generalized spatial two stage least squares (GS2SLS) estimator that is computationally simple, makes modest distributional assumptions and produces consistent estimates when the model contains both a spatially lagged dependent variable and a spatially autocorrelated error term (Arraiz, et al., 2010) . 6 The GS2SLS estimator 5 The Jarque-Bera test for normality of the residuals suggested that the residuals are not normally distributed (Skewness=0.16 and Kurtosis=4.49) 6 We use the spreg gs2sls command in STATA 12.1 that implements Arraiz et al. (2010) and Drukker, Egger, and Prucha (2009) estimators and allows for both spatial lag and spatial error corrections. The SARAR estimators are produced in four steps: 1) Consistent estimates of β and λ are obtained by instrumental-variables estimation. Following Kelejian and Prucha (1998) the valid instruments are the linearly independent columns of the exogenous variables X, WX, and W 2 X, which is used as default by the program. 2) ρ and the variance σ 2 are estimated by GMM using a sample constructed from functions of the residuals. The moment conditions explicitly allow for heteroskedastic innovations.
3) The estimates of ρ and σ 2 are used to perform a spatial Cochrane-Orcutt transformation of the data and obtain more efficient estimates of β and λ. 4) The efficient estimates of β and λ are used to obtain an efficient GMM estimator of ρ.
produces consistent estimates also when the disturbances are heteroskedastic, as is our case, 7 while the ML estimator could produce inconsistent estimates in the presence of heteroskedasticity (Arraiz et al., 2010) .
Data
We used four data sources to construct our dataset: Dougherty County's Tax Oversight (OFHEO). 8 The GIS database was utilized to determine the location attributes of the properties L such as proximity to rivers, railroad, major roads, and parks. Other neighborhood characteristics (median household income and percent of non-white residents) were determined at the block group level using 2000 census data. 9 The floodplain map published as Q3 data by 7 The Breush-Pagan/Cook Weisberg test for heteroskedaticity (chi square=48.90, p-value=0.000) rejected the null hypothesis of constant variance. 8 We use the OFHEO index over other housing price indices such as the Case-Shiller index. While the OFHEO index is available for 363 Metropolitan Statistical Areas (MSAs) including Albany, GA, which is the focus of our study, the Case-Shiller index covers only 20 major MSAs which include Atlanta, but not our study area. Visual inspection of the OFHEO indices for Atlanta and Albany suggests that these are very different real estate markets subject to different demand conditions. The growth rate of Census population figures for the Atlanta MSA was 3.1% per year between 1985 and 2010, but only 0.56% for the Albany MSA. 9 Block Groups generally contain between 600 and 3,000 people, with a typical size of 1,500 people.
FEMA was used to determine if the parcel was within or outside the 100-year floodplain.
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Simulated flood inundation for a water surface altitude of 192.5 feet at Albany's stream gauge corresponding to the 1994 flood was used to determine the inundated area. We confined our study area to the flood inundation study area at Flint River, Albany, prepared by USGS (Figure   1 ), which includes a little over 2,600 single-family residences.
In conjunction, the 100-year floodplain map and the inundation map define the four Table 1 shows the number of properties in each group. Given the few number of observations in the NIN_FP category, we did not consider a separate set of variables for properties in 500-year floodplain, as there were only 183 properties in the 500-year floodplain. In addition, homeowners are not required to buy flood insurance if they are located in the 500-year floodplain and therefore might be unaware of the flood hazard associated with the location of their properties. However, we did try a broader definition of the floodplain variable by merging both the 100-and 500-year floodplain properties. This increased the number of observations in the NIN_FP category to 133. The results discussed in Section 5 were robust to this change. Economic theory does not provide definite guidance on the correct data range to be used in hedonic models, except that the contribution of the various characteristics to the value of the house should have been relatively stable over that time period (Palmquist, 2005) . Our sample period covers more than 10 years after the 1994 flood. This time period is long enough to capture the time trend in the flood risk discount following the 1994 flood, while excluding more recent, post-recession observations. In order to check the stability of the housing attributes during this time period, we performed a series of paired t-tests on the characteristics of the average property before and after the 1994 flood and we failed to reject the null of equal means for the two time periods for most of the attributes. 11 Notably, the proportion of houses in the floodplain, and most of the structural variables, including important attributes such as lot size (acres) and the heated squared footage, are not significantly different across the two sub-samples. Table 3 reports the SARAR estimates of the DD models presented in Section 3 using a linear time trend (f(years) = years) and the average flood damage at the census block level as a proxy for flood damages.
Results
In the first column of Table 3 , we present the estimates of Model 1, which following previous studies simply estimates the effect of the flood on the prices of floodplain properties irrespective of whether the property was inundated or not. Flood risks, as measured by being located in the floodplain (FP), are capitalized into property prices only after the flood. We do not find a significant discount for floodplain properties before the 1994 flood. We find that properties in the floodplain were sold for 33% less than an equivalent property outside the floodplain immediately following the 1994 flood, which is equivalent to about $26,500 when evaluated at the average price home. 12 However, consistent with previous studies that find a temporal decay effect, we find that the large discount is short lived. Seven years after the flood it is not statistically different from zero.
In the second column, we estimated the effect of the 1994 flood on flood prone properties in the study area as determined by whether they fall in the inundated area or outside the inundated area (Model 2). We find that immediately after the flood, properties in the inundated area sold for 39% less than equivalent properties outside the inundated area. Even controlling for flood damages using the census block average damage, this is a 16% larger discount than for floodplain properties in Model 1. 13 Again, we find that the discount for the properties in the inundated area diminished over time vanishing seven years after the flood.
To tease out the effect of being inundated from the informational effect of being in the floodplain, we estimated Model 3 wherein we divided the study area into four mutually exclusive groups. Compared to non-inundated properties outside the floodplain, we find that inundated floodplain properties (IN_FP) were discounted by 41% immediately after the flood. Similarly, we find a significant discount of 33% for the properties that were inundated but were located outside the floodplain (IN_OFP). Interestingly, the non-inundated properties were not discounted significantly even if they were located in the floodplain (NIN_FP). This suggests that it is in fact the inundation effect that is capitalized into property prices. We suspect that the significant discount found for floodplain properties in studies that do not control for whether the properties were inundated or not might be due to the inundation effect rather than an information effect associated with being located in the floodplain. Across all the specifications, we find that the price discount is temporary, decaying over time. The significant spatial autocorrelation parameter (ρ) and spatial autoregressive coefficient (λ), towards the bottom of Table 3 suggest that for all the specifications there is, in fact, spatial dependence among the properties in our dataset in the expected direction: a positive adjacency effect. We expect a positive λ since a higher sale price of neighboring properties should result in a higher average sale price, ceteris paribus. Conforming to intuition, λ is significant at a 1 percent level and robustly estimated at 0.0055-0.0056 across specifications, indicating that if the weighted average of neighboring houses' sale price increases by 1 percent, the sale price of an individual house increases by approximately 0.0055 percent. 14 Regarding the interpretation of the regression coefficients, in the spatial lag model, marginal effects are calculated by multiplying the estimates times a spatial multiplier, 1/(1-λ) (Kim, Phipps, and Anselin, 2003) . A larger λ means a larger spatial dependence and thus, a larger spatial multiplier.
Regarding other controls, across all the specifications, the median household income by block group has an expected significant positive sign. Proximity to the railroad, parks and schools increases the property prices significantly as does the heated square footage. We find that a one foot increase in the heated square foot is expected to increase the property price by $29. Flood damages have an expected negative sign and are significant (at a 1 percent level).
As a robustness check, in Table 4 we report the SARAR estimates of the DD models for an alternative proxy for flood damages, flood depth. This variable also has a negative sign although it is not statistically significant at the conventional levels. However, the results for the variables of interest are virtually identical: a 34% discount for floodplain properties (FP) in As an additional robustness check, we reestimated the models, this time with a nonlinear, logarithmic time trend (lnyear) ( Table 5 ). As in Table 3 , we do not find a significant discount for floodplain properties (FP) or inundated properties (IND) before the 1994 flood.
Flood risks are capitalized into property prices only after the flood as indicated by the interactions of these two variables with the flood dummy. Compared to the linear decay specification, the estimates of Model 1 indicate a lower discount of floodplain properties immediately following the flood (but still sizeable at 21%), 15 and a slower decay, consistent with a logarithmic specification; the discount is not statistically different from zero nine years after the flood. The same pattern is observed when flood risk is defined in terms of being located in the inundated area (Model 2). As before, the non-inundated properties were not discounted significantly after the flood even if they were located in the floodplain (NIN_FP is not statistically significant in Model 3).
Conclusion
Natural hazards provide exogenous risk information. Previous studies have found that the information provided by large floods is capitalized into property prices. These studies use floodplain maps to measure flood risk. Our study utilizes a flood inundation map in addition to the traditional FEMA floodplain map to determine the effect of the 1994 "flood of the century"
caused by Tropical Storm Alberto in Albany, Georgia. This allows us to explore whether a potential effect of the flood was borne due to a pure information effect or an inundation effect.
The overall pattern of the findings suggests that there was a discount for floodplain properties only after the flooding, particularly in the floodplain properties that were inundated as well. Our results accord with Tversky and Kahneman's "availability heuristic" (1973) , which postulates judgments of probability to be reflective of the availability of information. When the impacts of floods are visualized and remembered, subjective risk probabilities are high, but as the effects of flooding fades over time (e.g. due to reconstruction), subjective probabilities decay and eventually vanish. In the absence of additional flooding, the price differential between the floodplain properties and the non-floodplain properties did indeed decay and vanish. However, there was no significant discount associated with properties in the floodplain if they were not in the inundated area. These results suggest that most of the discount in property prices in the area affected by a large flood event comes from being in the actually inundated area, and that not accounting for whether properties in the floodplains are also in the inundated area may overestimate the informational effect of large flood events and underestimate the value loss of inundated properties. The discount in inundated properties captures potential uninsurable reconstruction and psychological costs, and supports a hypothesis that homeowners respond better to what they have visualized ("seeing is believing"). 
